Although most surgical site infections (SSIs) occur after hospital discharge, there is no efficient way to identify them. The utility of automated claims and electronic medical record data for this purpose was assessed in a cohort of 4086 nonobstetric procedures following which 96 postdischarge SSIs occurred. Coded diagnoses, tests, and treatments were assessed by use of recursive partitioning, with 10-fold cross-validation, and logistic regression with bootstrap resampling. Specific codes and combinations of codes identified a subset of 2% of all procedures among which 74% of SSIs had occurred. Accepting a specificity of 92% improved the sensitivity from 74% to 92%. Use of only hospital discharge diagnosis codes plus pharmacy dispensing data had sensitivity of 77% and specificity of 94%. All of these performance characteristics were better than questionnaire responses from patients or surgeons. Thus, information routinely collected by health care systems can be the basis of an efficient, largely passive, surveillance system for postdischarge SSIs.
Surgical site infections (SSIs) are among the leading nosocomial causes of morbidity and increased medical expense. An estimated 300,000-500,000 SSIs occur each year in the United States, leading to direct medical costs estimated between $400 and $7500 per occurrence and $1 to $10 billion annually on a national basis when indirect costs are included [1] [2] [3] [4] . Surveillance for SSIs provides data that can be used to establish baseline infection rates, detect variation in rates, and identify clusters of infection. SSI surveillance has thus been established as a fundamental quality improvement activity, and SSI rates are frequently used for interhospital comparisons of performance [5] .
However, the proportion of surgeries done as outpatient procedures is increasing, and the postoperative length of stay for inpatient procedures is decreasing. This means that SSIs are increasingly likely to become manifest in the outpatient setting. Studies report that 50%-84% of SSIs occur after hospital discharge, and the majority of postdischarge infections are managed entirely in the outpatient setting [6] [7] [8] [9] . Accurate surveil-lance for SSIs thus requires outpatient identification of SSIs, but no accurate and efficient method for performing routine outpatient surveillance has been established [10] . Mailed questionnaires to either patients or surgeons have limited accuracy, and they require substantial sustained effort [6] .
Clinical and administrative data about health care delivery is increasingly recorded in automated, electronically retrievable formats. We demonstrated previously that automated medical and claims records together can be used to screen for postdischarge SSIs with essentially complete ascertainment, but the method we used identified 10% of procedures as possible infections, with a positive predictive value of 14% [6] . This result by itself, therefore, has limited applicability for ongoing surveillance, because the low predictive value limits the utility of the result without subsequent review of full text records to confirm infections and because of the large number of records that require such review. The goal of this study was to develop more efficient algorithms for identifying SSIs by use of coded elements or combinations of elements from automated medical records, pharmacy records, and claims data and to determine the level of performance that could be obtained from information sources that are now widely available, such as automated claims and pharmacy data. Such algorithms could serve as the basis for partly or wholly automated surveillance for postdischarge SSI among the majority of the US population whose health care information is collected in automated form by managed care organizations or insurers.
Methods
Study population. The study population, data sources, and methods of identifying postoperative surgical site infections have been described in detail [6] . In brief, we identified all adult members of the staff model component of Harvard Pilgrim Health Care, the largest health maintenance organization (HMO) in New England, who underwent a nonobstetric surgical procedure at Brigham and Women's Hospital from 10 February 1992 through 7 March 1993. The Center for Disease Control and Prevention's National Nosocomial Infection Surveillance (NNIS) classification system was used to classify procedures. The hospital was performing SSI surveillance for all procedures during this time, based on microbiology review and ward rounds by infection control personnel. Aside from surveillance for readmissions to the same hospital, there was no routine program for postdischarge SSI surveillance [6] . The HMO has an automated medical record system. For office and urgent care encounters, it captures providers' full text notes and dictations and assigns a code to all diagnoses, laboratory tests, procedures, and prescriptions written, based on a standardized coding system. An automated pharmacy record captures prescriptions dispensed. Inpatient, emergency department, and other services delivered outside the HMO are identified through a claims system. Automated medical records for ambulatory patients were screened for 102 diagnostic, testing, or treatment codes that may have indicated an SSI; pharmacy records were screened for antibiotic dispensing; and claims records were screened for any rehospitalizations or emergency department visits. SSIs were confirmed by review of relevant records for the 30-day postoperative period by use of NNIS criteria. Previous studies demonstrated that the addition of SSIs detected by this methodology to those detected by routine surveillance led to a 5-fold increase in the overall SSI rate. The completeness of ascertainment by this method was demonstrated by the fact that questionnaires sent to patients and surgeons for all of these procedures yielded only 1 additional confirmed SSI.
Identification of outpatient record elements associated with SSI. The study population consisted of 4086 procedures among 3636 individuals for which no SSI was detected prior to hospital discharge. Multiple procedures occurring in the same patient were allowed, on the basis of the assumption that the variables in the analyses related to perioperative management and were likely independent of host factors. Potential predictors for SSI included the 102 previously described codes indicating specific inpatient, emer- gency department, and office-based diagnoses, procedures, and outpatient tests, as well as outpatient antibiotic prescribing and dispensing. In addition, the patient's age and sex, the length of the procedure, and specific surgical procedure categories (derived by combining NNIS categories into broader groups) were evaluated. Combinations of codes, such as all antistaphylococcal antibiotics, were also evaluated. We eliminated codes that either occurred !3 times or performed better in combination with other codes than individually, leaving the 26 variables shown in table 1, which were assessed by recursive partitioning and logistic regression.
Binary recursive partitioning was used to identify optimal combinations of these potential predictors of SSI. Recursive partitioning is a form of nonparametric discriminant analysis that repeatedly divides the study cohort into smaller and smaller subgroups on the basis of characteristics that predict the end point of interest. Recursive partitioning was used for several reasons: it creates classification rules that are simple to apply; complex interactions between predictors can be identified; and either sensitivity or specificity can be optimized by specifying the relative "cost" of a false-negative or false-positive value. Recursive partitioning was done with CART statistical software (Salford Systems, San Diego). Models with varying sensitivity and specificity were created by varying the assigned cost. We also created models that excluded groups of predictors from specific sources, such as electronic ambulatory medical records, so as to simulate environments in which not all forms of automated information are available. For each model, cross-validation was done by randomly dividing the data set into 10 subsets; a learning sample was formed from 9 subsets, which was then tested against the remaining subset, and this procedure was repeated for all combinations of 9 subsets [11] . The results of the 10 separate cross-validations were aggregated to give a single result. All reports of performance described here represent the result given by this cross-validation.
Predictors of SSI were further assessed by logistic regression. Independent variables included all variables in table 1, plus any interaction terms identified by recursive partitioning. One hundred bootstrap samples of two-thirds of the data were used to test the sensitivity of the regression predictors and to simulate how well the model might do when used in a new setting. The models were tested using the remaining data, and measures of sensitivity, spec- ificity, and positive predictive value were calculated. Receiver operating characteristic (ROC) curves were then formed from points corresponding to the paired sensitivity and specificity for SSI at differing probability thresholds. Fitted ROC curves were created by maximum likelihood estimation [12] with use of ROCFIT software (Charles Mertz, University of Chicago, Chicago). Logistic regression odds ratios are reported as risk ratios in the following text, since this term is more widely understood, and the odds ratios approximate risk ratios in this circumstance.
Results

Models.
The study cohort consisted of 96 postdischarge SSIs following 4086 nonobstetric surgeries among 3636 individuals (2.3% attack rate). Eight SSIs occurred among the 450 procedures for which there had been a prior procedure involving the same patient; no patient had 11 SSI. Sixty-six SSIs (69%) were treated entirely outside of the institution at which surgery was done. Figure 1 shows the result of recursive partitioning when all sources of postdischarge information are included and the cost is 5 (meaning 5 false-positive results are accepted for every false-negative). The first predictor selected was a composite of any of 10 office-based diagnostic codes (e.g., cellulitis) that occurred in 160 patients. Among these 160 procedures, the dispensing of any of six antibiotics (cephalexin, dicloxacillin, clindamycin, cephradine, cefuroxime, amoxicillin) was selected next. One of these codes was present in 58 of the 160 procedures. These 58 were not further subdivided and were classified as having SSI. Of these 58, 33 did, in fact, have SSI, yielding a positive predictive value for this group of 57%; these 33 cases represented 34% of all infections. Among those without one of the outpatient diagnostic codes, those with rehospitalization for any of six ICD-9 discharge diagnoses were classified as having SSI and were not further subdivided. These same ICD-9 discharge diagnosis codes were also selected by the model to subdivide those with an outpatient diagnostic code but without any of the six antibiotic-dispensing codes. As shown in figure  1 , additional subdivisions were created on the basis of presence of an outpatient code for performing a wound culture, antibiotic prescribing (vs. dispensing, which caused an earlier subdivision), and surgery duration (with specific time cutoffs selected by the model). Overall, this model had a sensitivity of 74%, specificity of 98%, and positive predictive value of 48%. Other models with higher sensitivity (higher cost for false-negative results) had corresponding decrements in specificity and positive predictive value. Figure 2 shows a model with cost set to 15. It has a sensitivity of 92%, specificity of 92%, and positive predictive value of 21%.
Models created by restricting the types of outpatient data sources did not perform as well as those in which all data sources were available. For example, models limited to hospital and emergency department discharge diagnosis information all had a sensitivity !50%. The addition of postdischarge antibiotic dispensing to hospital and emergency department diagnoses yielded improved sensitivity to 77%, with specificity of 94% and predictive value of 24% (figure 3). However, it was not possible to create a model with sensitivity of 180%, or predictive value of 135%, without information about outpatient diagnoses and tests. SSI classification based on regression models. Nine variables and five interaction terms were independently associated with SSI (table 2) . Beyond the included interaction terms, there were no strong correlations between variables in the logistic regression model. Three variables had not been identified by any of the recursive partitioning models: cardiothoracic surgery, emergency department visits associated with selected ICD-9 codes, and outpatient codes for wound care procedures. This discrepancy can occur when the variables have an effect that is significant when applied to the entire population but not strong enough to enter the recursive partitioning model at an early enough stage to exhibit this effect. Additionally, surgery duration was not a significant predictor by logistic regression, even when an ordinal variable was created to match the time cutoffs that had discriminatory value by recursive partitioning. As with recursive partitioning, exclusion of specific data sources led to a decrement in logistic regression's ability to predict SSI. Figure 4 shows the performance of various regression models based on the bootstrap sample analysis, along with that of recursive partitioning and previously described methods for SSI detection.
Discussion
These findings demonstrate that reasonably efficient strategies exist to use automated data to identify a substantial portion of postdischarge SSIs. These may have a role as part of routine SSI surveillance.
A relatively small number of coded diagnoses, tests, and pharmacy activity identify a subset of procedures within which the large majority of SSIs occur. The tree-structured algorithms generated by recursive partitioning provide a straightforward method for classifying each procedure as a putative SSI or not on the basis of presence or absence of specific coded events. Each individual can be inferred to have the probability of infection associated with the relevant branch of the tree; in figure  1 , these probabilities range from 0 to 80%. In contrast, the logistic regression coefficients allow computation of an explicit probability of SSI for each individual. In a large sample, this is more precise. Such improved precision may be useful in some settings, for example if it were desirable to focus attention on individuals with a predicted probability of infection above a particular threshold.
Elements from all data sources (characteristics of the procedure and the individuals, hospital and emergency department diagnosis and procedure codes, office diagnosis procedure and test codes, prescribing and dispensing data) permitted the most accurate prediction of SSI: By use of all of this information, it was possible to detect 74% of SSIs among 2% of patient records. Exclusion of any of these data sources led to a decrement in the ability to detect SSI. If only hospital-based information was available, models generated by recursive partitioning had a maximal sensitivity of 42%, with a corresponding positive predictive value of 10%. However, surveillance based only on hospital-based information still performed better than surveys of patients or surgeons conducted among the same population, which had sensitivities of 21% and 15%, respectively [6] .
Clinical information of the type used in this study is increasingly available. For example, pharmacy dispensing activity is captured by most outpatient provider systems, and information about diagnoses, tests, and procedures is often available within claims databases. While the automated records in this dataset were based on a coding system unique to this HMO, this type of information should be available within a sufficiently detailed ICD-9-based outpatient claims database. A model that was limited to information from hospital-based ICD-9 coding plus coded information about postdischarge antibiotic dispensing Figure 4 . Performance of various methodologies for detection of postdischarge SSIs. Lines represent fitted receiver operating characteristic (ROC) curves for 3 logistic regression models, which differ by data sources available for generating probabilities. Points represent performance of 4 different recursive partitioning models and patient and surgeon surveys. * For analyses limited to hospital data and outpatient dispensing, the logistic regression model had equivalent performance to classification tree at discrete point shown. Fitted ROC curve falls below this point because the majority of procedures clustered around few discrete probabilities, and limited data points cause approximation of ROC curve to be less accurate.
was still able to identify a subset of 6% of procedures among which 77% of SSIs occurred.
Since there is some tradeoff between sensitivity and predictive value (or specificity), a surveillance system that uses coded information must choose performance characteristics that match the goals and resources of the program. For example, if very high sensitivity were paramount, one could identify 8% of records that contain 190% of infections. Since the positive predictive value is low, it would almost certainly be necessary to review the full-text records to identify the true infections. On the other hand, there are situations in which consistent identification of a majority of infections with a higher positive predictive value would be preferable, since the results might be useful without labor-intensive confirmation of the status of individual cases. Such a system may be useful for assessing trends over time, for comparing groups of individuals, or to identify subpopulations at higher-than-expected risk who merit additional investigation.
In conclusion, information from automated postdischarge medical records detected SSIs with better sensitivity and specificity than patient or surgeon surveys. This method lends itself to automated surveillance systems that require little ongoing maintenance once established. Such systems should be adaptable enough to support a variety of different surveillance strategies. They also should provide a more consistent and reproducible surveillance methodology than those that rely more heavily on individual case finding. Further studies are needed to demonstrate that this surveillance methodology can be performed within other health care provider systems.
